
LLNL-JRNL-830795

In situ laser profilometry for material
segmentation and digital reconstruction of
a multicomponent additively
manufactured part

D. J. Kline, M. D. Grapes, R. Chavez Morales, G. C.
Egan, J. D. Sain, Z. D. Doorenbos, H. E. Fletcher, E. A.
Avalos, B. M. English, V. Eliasson, K. T. Sullivan, J. L.
Belof

January 12, 2022

Additive Manufacturing



Disclaimer 
 

This document was prepared as an account of work sponsored by an agency of the United States 
government. Neither the United States government nor Lawrence Livermore National Security, LLC, 
nor any of their employees makes any warranty, expressed or implied, or assumes any legal liability or 
responsibility for the accuracy, completeness, or usefulness of any information, apparatus, product, or 
process disclosed, or represents that its use would not infringe privately owned rights. Reference herein 
to any specific commercial product, process, or service by trade name, trademark, manufacturer, or 
otherwise does not necessarily constitute or imply its endorsement, recommendation, or favoring by the 
United States government or Lawrence Livermore National Security, LLC. The views and opinions of 
authors expressed herein do not necessarily state or reflect those of the United States government or 
Lawrence Livermore National Security, LLC, and shall not be used for advertising or product 
endorsement purposes. 
 



LLNL-JRNL-830795 

 
 

IN SITU LASER PROFILOMETRY FOR MATERIAL SEGMENTATION AND DIGITAL 
RECONSTRUCTION OF A MULTICOMPONENT ADDITIVELY MANUFACTURED PART 

 
Dylan J. Kline1*, Michael D. Grapes1, Rodrigo Chavez Morales2, Garth C. Egan1, John D. 

Sain1, Zachary D. Doorenbos1, Hannah E. Fletcher1, Eric A. Avalos1, Benjamin M. English1, 
Veronica Eliasson2, Kyle T. Sullivan1, and Jonathan L. Belof1 

 
1Lawrence Livermore National Laboratory, Livermore, CA 94550, USA 

2Colorado School of Mines, Golden, CO 80401, USA 
*Corresponding author: kline11@llnl.gov 

ABSTRACT 

In addition to its ability to produce geometrically complex parts, additive manufacturing offers 
a unique opportunity to collect data about a component while it is being fabricated. However, there 
has only been limited effort to characterize parts morphologically and compositionally in situ. In this 
article, we present a layer-by-layer, laser profilometry-based in situ characterization technique as 
a method to digitally reconstruct a multi-material part. Data collected by the laser profilometer yields 
height maps and grayscale images which are voxelized using purpose-built software to 
volumetrically reconstruct the part. The same part was also analyzed using X-ray computed 
tomography (CT) which was not able to resolve the different compositional regions within the part, 
but captured the filament morphology. The part was then bisected to compare the digital 
reconstruction to the actual part morphology and composition. Overall, the digital reconstruction 
was in good agreement with both the CT and bisected images. Deviations between the digital 
reconstruction and the CT/bisected images are likely the result of image segmentation settings or 
material shifts after data was collected. The in situ characterization method demonstrated here sets 
the stage for real time process monitoring and paves the way for additively manufactured parts that 
are “born qualified.” 

 
Keywords: in situ inspection, diagnostics development, machine vision, reconstruction, direct-ink-
write. 

1. INTRODUCTION 

Over the last few decades, additive manufacturing has led to a paradigm shift in the fabrication 
of parts with increasingly complex geometries.[1] While additive manufacturing encompasses 
techniques like fused filament fabrication (FFF, typically for polymers) and powder bed fusion (for 
metals), perhaps the most versatile technique is direct ink writing (DIW).[1,2] DIW techniques use 
a flowable material which is extruded through a moving nozzle at a prescribed rate. DIW has been 
of particular interest for fabrication of architected parts with different and/or varied chemical 
properties.[3–10] 

 
Despite the increasing versatility in manufacturing capabilities, part qualification and process 

monitoring have been long-standing challenges for most additive manufacturing techniques.[11,12] 
When the interior microstructure of a part is of interest, the most powerful method available for non-
destructive characterization is X-ray computed tomography (CT), whereby X-ray image “slices” are 
stacked to form a volume.[13–15] However, CT scans can be time consuming (minutes to hours 
depending on the desired size and resolution) and thus only a small subset of a production run of 
parts might be inspected for acceptance. Furthermore, X-ray CT can only discriminate between 
materials with different attenuations and therefore may not be a suitable technique for components 
which have similar physical properties but different chemical properties.[13–15] In contrast, a 
reconstruction created from data collected during the additive manufacturing process can 
potentially be generated for every single part in a production run with minimal time penalty. 

 



Considering that additive manufacturing gives native visual access to a part during its 
fabrication, some recent research has focused on in situ monitoring of additive manufacturing 
processes. A review article by Grasso et al. detailed multiple methods for collecting data in situ for 
metal additive manufacturing processes.[12] In their review, they classify different “levels” of in situ 
monitoring for metal additive manufacturing ranging from 0-4 which include (0) fabrication device 
measurements, (1) layer-wise measurements of the part, (2) byproduct measurements from shortly 
behind the build path, (3) measurement of the part at the build location, and (4) volumetric layer 
measurement. While the manufacturing process presented in this article (DIW) is not the same as 
that considered in Grasso et al. (powder bed fusion), their article properly captures the different 
levels of complexity to consider when creating an in situ process monitoring method.[12] 

 
Of the in situ monitoring methods presented above, perhaps the most easily implemented 

approach for direct part measurement is machine vision – an image-based inspection method 
which has been widely employed in industry for process monitoring and part qualification.[16] 
Considering the relatively low cost of high-resolution cameras compared to CT scans and ever-
improving image processing techniques for region segmentation and object identification, machine 
vision offers an accessible route to qualify parts with only minor process modifications required to 
start acquiring data. If images are taken on a layer-wise basis, the measurement technique would 
be a level 1 measurement method.[12] Thus far, machine vision techniques have been primarily 
integrated into additive manufacturing processes for defect detection and possible correction of 
labeled defects.[17–25] Recently, Petsiuk et. al developed a remarkable machine vision technique 
to inspect a single-component, FFF-printed part for defects where they were able to monitor the 
process on a layer-by-layer basis and provided strategies to correct the defect.[18] Another article 
by Sitthi-Amorn et. al detailed a machine-vision assisted 3D printing platform which supported 
multicomponent printing and even incorporated optical coherence tomography to retrieve high-
resolution height information.[19] While both of these processes are able to reconstruct models of 
the parts that they observed, their intended use focused on part inspection for defect analysis rather 
than the accuracy of the reconstruction. The accuracy of the reconstructed part is critical if part 
acceptance is to be based on measurements of internal features. 

 
While machine vision cameras can efficiently capture high resolution images of each printed 

layer, they often have difficulty distinguishing between printed material and void space.  Any gaps 
in the printed layer serve as windows into the underlying material, which is typically the same 
shade/color. Although such defects may be detectable “by eye,” the actual intensity variations are 
often too small to be properly classified by machine vision algorithms.  In this work, we circumvent 
this challenge by combining traditional machine vision with profilometry to collect both an intensity 
and height map of each printed layer. The height map clearly discriminates between regions where 
new material has been deposited and where it is absent, while the intensity map allows 
discrimination between visually dissimilar regions. This approach combines the benefits of machine 
vision (speed, ease of integration) and X-ray CT (identification of internal voids and defects) to yield 
low-resolution volumetric reconstructions of the printed part without time-consuming post-print 
inspection. 

 
In this paper, we describe the design of the system and the image processing pipeline that we 

have developed to produce these reconstructions. Then, we put the new approach to the test in a 
side-by-side comparison between the as-designed part, the as-manufactured part, the 
reconstruction generated by our image processing technique, and an X-ray CT scan. This 
comparison will serve to highlight the advantages and disadvantages of our proposed technique.  

2. METHODS 

2.1. MATERIALS SELECTION AND PREPARATION 

Materials for this article were selected to highlight the unique advantages that layer-by-layer 
image collection would have in comparison to a traditional ex situ technique (such as an X-ray CT). 



X-ray CT scanning techniques can differentiate materials based on their X-ray mass attenuation 
coefficients which can be roughly related to density and nuclear cross sections.[26] To highlight 
advantages that an in situ inspection technique may have over CT scanning, the materials we have 
used in this study are roughly the same composition and are only visually distinguishable. They 
can be seen as surrogates for chemically unique formulations that have similar X-ray attenuation 
coefficients but are visually distinct.[27,28] It is important to note that this case study does not 
intend to create a one-for-one replacement of CT scanning, rather it is to show an alternative, in-
line method to collect data about a part and the manufacturing process. 

 
DOWSIL SE 1700 (Dow, Inc.) silicone was selected as the printing material. The material was 

dyed either blue or red using SilcPig pigments (Smooth-On). Prior to printing, SE 1700 parts A and 
B were combined with dye in a 2.5 fl oz reservoir (Nordson EFD) and mixed using a resonant 
acoustic mixer (Resodyn LabRAM IIH). A sample profile for the mixing cycle can be seen in Figure 
S1. To prevent the material from heating up and curing during the mix cycle, the cartridge was 
placed in a custom, water-cooled fixture. During mixing, the cartridge was evacuated to remove 
any trapped air. Once the SE 1700 was completely mixed, it was spun down in a planetary 
centrifugal mixer (FlackTek DAC 600.2 SpeedMixer) to remove any remaining air pockets. Lastly, 
a piston was added to the reservoir prior to being loaded into a cartridge retainer system, mounted 
to the 3D printer, and pressurized.  

2.2. DESIGN OF A MULTICOMPONENT PART 

A custom test article was designed for this study with discrete regions of differently colored 
materials. The primary goal was to demonstrate the ability of our in situ data collection and 
reconstruction techniques to identify features which were only optically accessible during 
fabrication. From the exterior, the test article is an uninteresting (uniformly blue) cube measuring 
35 mm on a side, but inside are embedded shapes intended to test various aspects of the 
reconstruction technique: two 45-degree angled rings, a spherical shell, and a Lawrence Livermore 
National Laboratory (LLNL) logo (Figure 1b). The  angled rings (2.5 mm thick) can be used to 
evaluate the vertical reconstruction with respect to angled features, the spherical shell (2 mm thick, 
25 mm inner diameter) tests the ability for the reconstruction to segment rings/disks of varying 
diameter in the layer-wise direction, and the LLNL logo features small spaces (~0.5 mm wide) which 
will test the processing code’s ability to resolve small gaps (as well as the printer’s ability to create 
them). Provided the printer produces the part correctly, the reconstruction should contain all three 
major features. Identification of these features and their quality in comparison to the actual part will 
be used to evaluate the quality of the reconstruction. 
 



 
Figure 1: (a) Custom printer setup used to fabricate test articles. (b) Image of test article model (cut in half) 
showing the main features of interest and relevant dimensions. (c) Depiction of the laser profilometer scanning 
over a the first layer of a printed part. It is important to note that a whole layer is printed prior to a 3D scan 
being captured with the laser profilometer. Red bounding box shows what regions of a filament that are 
captured by the laser profilometer. 

2.3. PRINTING PROCESS 

The multicomponent test article was 3D printed via a direct ink write (DIW) process on a 
custom-built 3D printer (Figure 1a). The 3D printer utilizes an Aerotech ANT130XY assembly for 
the X and Y axes and an Aerotech ANT130LZS stage for the Z axis. The three axes are driven by 
a trio of Aerotech DP32020E servo drives housed in an Aerotech Npaq drive rack and controlled 
via PC using the Aerotech A3200 software motion controller. Both axis motion and material 
dispensing are controlled using Aerotech AeroBasic commands, the latter encapsulated in LLNL’s 
custom flow controller MoSyFlow.[29] Material is pressure-fed from the cartridges to the inlet of a 
progressive cavity pump (ViscoTec preeflow eco-PEN450) which is used for fine control of material 
flow rate and start/stop. At the outlet of the dispenser is a 0.84 mm inner diameter (18 gauge) Luer 
lock tapered nozzle (Nordson EFD). The toolpath for the test article was generated using 
commercial slicing software (Simplify3D) and post-processed for compatibility with the printer and 
MoSyFlow flow controller. Prior to printing, the X, Y, and Z offsets between the two nozzles are 
measured and a start/stop calibration routine is run to ensure proper extrusion timing parameters 
are used to minimize defects in the part.[29] The toolpath designed for the test article has a 35 
mm/s nominal printing speed, a 0.84 mm filament diameter, and a 0.5 mm layer height (70 layers 
total). At the completion of each layer, a block of code is executed that moves the stage beneath 



the laser profilometer, triggers data collection while moving along a measurement path, and then 
resumes the print. Once the print is completed, the part is cured in an oven at 150°C for 30 minutes. 
The total print time of the article was 72 minutes (including 12 minutes of inspection movements). 

2.4. IN SITU DATA COLLECTION TECHNIQUE 

A data collection routine has been incorporated into the printing process by taking 3D laser 
profilometry scans on a layer-by-layer basis. A Keyence LJX-8002 controller unit is connected to a 
Keyence LJX-8080 line-scanning profilometer head that is mounted to a breadboard on the printer 
using a custom fixture (Figure 1a). The LJX-8080 uses a 405 nm laser sheet that is projected along 
a 40 mm line and observed using an angled CMOS sensor to triangulate the height of the part 
(Figure 1c).[30] To collect 3D data, a part can be moved under the profilometer head at a constant 
velocity using a linear translation stage and multiple profiles can be stitched together to form a 3D 
surface. In addition to the height data, a grayscale image is produced using the scattered intensity 
of the laser. Custom parameters have been set in the profilometer controller software to optimize 
sensitivity of the profilometer and reduce noise in the height image. The profilometer head has a 
XY-resolution of 12.5 μm and a Z-resolution of 1.25 μm.[30] Data is collected at 500 lines/s while 
the printer stage is moving at 6.25 mm/s over a 40 mm measurement region (3200 lines total). A 
full scan takes ~11 seconds/layer using the current parameters and adds ~12.5 minutes to the 
overall print time (including travel moves). It is important to note that the profilometer is only able 
to capture the top surface of the part as depicted in Figure 1c. The layer-wise approach to data 
collection would classify our in situ monitoring technique as level 1 per the review article by Grasso 
et al.[12] 

2.5. POSTPROCESSING OF IMAGE DATA AND PART RECONSTRUCTION 

The post-processing of the collected height and grayscale data was done in a batch process 
at the conclusion of the print and involved the convolution of both datasets (section 2.5). The data 
processing pipeline and images of the data transformation throughout the process can be seen in 
Figure 2. Postprocessing of the acquired data is done on both the height and grayscale images 
using a custom Python routine. Readers who wish to familiarize themselves with image processing 
and machine vision approaches should refer to Steger et al. for complete explanations of algorithms 
and potential applications.[16] 

 
The layer-by-layer height data is output by the laser profilometer in a 24-bit image format with 

the height values encoded in the color channel information.[31] The RGB channel information of 
the bitmap height image encodes 15 bits worth of data – 8 bits green, 3 bits red, and 4 bits blue – 
which is then combined into a composite value.[31] The composite value is then offset by a 
reference value for a height of 0 mm (typically half the value of the bit range, 16,384) and multiplied 
by a constant height factor (𝑐ℎ) given by equation 1 where ℎ is the height measurement range (41 

mm) and 𝑏 is the bit depth (15).[31] The height factor for our profilometer was calculated to be 
0.00125 mm/bit. Prior to any material being printed, the surface of the build plate is scanned and a 
calculated reference plane is used to adjust the height data by correcting for any misalignment in 
the profilometer mount.  

 

𝑐ℎ =
ℎ

2𝑏
(1) 

 
The first step of the segmentation requires the entire image stack to create a convex hull 

object of the image to reduce the overall amount of data being analyzed (Figure 2c). The guiding 
principle for data to be included within the convex hull is that the height is above a baseline value 
and that there is detectable, bright material at those points (to eliminate the influence of reflections 
skewing height measurements). Prior to creating the convex hull, height data is adjusted by 
subtracting out any artifacts stemming from angles in the profilometer head mount and orientation 
to the substrate. Since the distance between the profilometer and top layer is kept constant, the 



adjusted height for material above the last layer would nominally be >0 mm and a single height 
value could be used as a threshold for determining which regions are relevant. The height threshold 
value for the convex hull image was 0 mm, although this will be adjusted later for material 
segmentation. A grayscale value of 55 was chosen as the threshold for material presence. It is 
important to note that the threshold values chosen will impact the resulting part, but it was preferred 
to use a relatively low grayscale value at this step to maximize the likelihood that all relevant regions 
of the image were included. The height and grayscale data were subsequently cropped down to 
the convex hull shape and processed with a separate convolved segmentation process. 
 

Once the global convex hull has been applied, grayscale and height images are separately 
processed prior to being recombined. Numerous image processing techniques have been 
employed to overcome difficulties with image saturation, reflections, and light entrapment. 
Astropy’s two-dimensional Gaussian smoothing algorithm (“convolve_fft”) was applied to the height 
data to reduce the impact of drop-offs in crevices or noise spikes from reflective regions.[32,33] 
This is the most computationally expensive portion of the processing pipeline, but recovering the 
lost data dramatically improved the quality of the reconstruction. Once the height data has been 
smoothed, the grayscale and height data stacks are passed to a separate segmentation function. 
The convolved segmentation function first employs a morphological erosion function to the 
grayscale image to reduce the number of saturated regions stemming from reflective surfaces.[34] 
Computational inpainting [35] was also explored as a method to eliminate the bright regions in 
images, however, it was found that this process was very time intensive compared to erosion (which 
is the main method used by the profilometer manufacturer to overcome similar artifacts[30]). The 
grayscale image is then passed through a function to remove small noise and height spikes (notably 
for regions beyond the perimeter of the part) and a convex hull is computed to represent all the 
data in the current layer being analyzed.[34] 
 

After applying image correction techniques to the grayscale data, the processed image is then 
segmented using a multi-Otsu threshold method.[34] Threshold values for the different 
compositions were chosen by a user to roughly correspond to local minima in values on a histogram 
of grayscale intensity data (see example histogram in Figure S2). Each pixel in the part is assigned 
a “material label” corresponding to the Otsu threshold bin number. Minor corrections to the 
compositional image are applied to remove small holes and objects in the image below an 
empirically determined size.[34] The compositional map is then convolved with the height data by 
element-wise multiplication such that only parts above a certain height threshold and with a valid 
assigned composition value are included in the final data stack. The part is ultimately represented 
as an evenly spaced voxel grid dataset with each pixel given a value assigned to a specific material. 
 

There are numerous portions of this in situ inspection implementation that could be improved 
which we would like to discuss briefly. Perhaps most notably, there is an inherent difficulty in 
determining which threshold values for height and grayscale yield results which most closely 
represent the as-manufactured part. In the case of the parts analyzed here, we have chosen to use 
a height threshold value that was ~30% of the nominal layer height (0.15 mm). Choosing a 
threshold height of 0 mm resulted in a significant amount of noise in the height data maps after 
segmentation, likely due to surface reflections. On the other hand, setting the height threshold to 
50% of the nominal layer height excluded a significant amount of material on each layer since there 
may have been internal material/morphological deformation during part fabrication. Meanwhile, the 
multi-Otsu thresholding method applied to the grayscale images could have inherent limitations 
when analyzing parts with more than a few material compositions or in the instances where 
compositions are similarly colored. One possible alternative to the multi-Otsu threshold which was 
explored for image segmentation was K-means clustering.[34,36–38] K-means clustering is a 
machine-learning based technique where data is analyzed and the number/dispersity of apparent 
“clusters” in the data distribution can be later used to assign values to data points based on which 
cluster they would belong to.[36–38] This technique proved effective for segmenting the image as 
a first pass, but was much slower than the multi-Otsu thresholding method for the large-format 
images using the Simple Linear Iterative Clustering algorithm implemented in scikit-image.[34,37] 
In the interest of maximizing data fidelity, we have opted to pursue the multi-Otsu thresholding 



method, however, future iterations of this effort may incorporate K-means clustering or a different 
machine learning/artificial intelligence-driven method. A final limitation in the profilometry-based 
segmentation described here is that it is based on surface measurements but is used to reconstruct 
a volume. 

 

 
Figure 2: Data processing flow diagram for height and grayscale image convolution. Height data (a) and 
grayscale data (b) are thresholded and used to create a global convex hull (c) which is applied to every layer 
to crop down image processing region. The convex hull is then applied to the height and grayscale data on a 
layer-by-layer basis. Height data is thresholded to create a binary mask (d). Grayscale data is morphologically 
eroded (e) and segmented using thresholds determined by a histogram (f). Height and grayscale data is once 
again convolved to get the final layer segmentation (g). 

2.6. X-RAY COMPUTED TOMOGRAPHY (CT) OF TEST PARTS 

The test article was also analyzed using an X-ray computed tomography (CT) scan. CT 
scanning is actually a common technique that is used for quality inspection, however, it is natively 
ex situ and data cannot be collected until the part has been completed. After the parts were 
thermally cured, they were imaged using a North Star Imaging X25 CT scanner at a resolution of 
30.08 μm/voxel. It is important to note that CT scans rely on difference in X-ray attenuation to 
resolve different materials and, since we are using silicones that only differ by color, it is unlikely to 
see any compositional differences in the captured images. 

 

3. RESULTS AND DISCUSSION 

3.1. TEST ARTICLE QUALITY 

The test article depicted in Figure 1b was printed using DOWSIL SE 1700 to evaluate the 
ability for a layer-by-layer inspection technique to properly reconstruct the internal features of a 
multicomponent additively manufactured part. As discussed in section 2.1, the materials were 
distinguishable only by their color which were selected to be blue and red for the exterior and 
interior features of the test article, respectively. After calibrating the flow parameters for the two 
materials and determining the offset between the two printing tools, the part was printed to 
completion without any further intervention. As is typical when attempting DIW printing of a 
nominally full-density article, regions of material under- and over-extrusion were evident and 
contributed to degraded part quality. In some regions over-extrusion caused the print nozzle to drag 
through the previously deposited layer and create smearing between distinct regions of the part. 



Note, however, that optimization of the print process was not the focus of this work. On the contrary, 
these imperfections provide an additional opportunity to test our in situ diagnostic tool and image 
processing technique on a range of realistic defects. An image of the exterior of the as-printed part 
is shown in Figure 3c. The final part has a uniformly colored exterior surface with characteristic 
ridges on the sides due to the layer-by-layer nature of the fabrication process. There also appears 
to be regions at the face centers of the cube which are thin walls between the cube exterior and 
the internal shell exterior. The slicing software placed only small amounts of material in those 
regions that may not have been optimally dispensed, thus leading to “bleed through” of the color at 
those faces. From the exterior of the part, it is unclear whether the interior retained its as-deposited 
morphology, but for the purposes of the image analysis, it is assumed that layers did not 
significantly change after data had been collected. 

 

 
Figure 3: (a) Top-down image of test part in commercial slicing software with full internal filament morphology. 
(b) Image of the test print at approximately the same location shown in the slicing software. (c) Image of final 
part exterior after being printed. (d) Image of the part after being bisection in the direction orthogonal to the 

print.  

3.2. LAYER-BY-LAYER GRAYSCALE IMAGES AND HEIGHT MAPS 

As discussed in section 2.4, both height and grayscale images were collected on a layer-
by-layer basis including a reference image for the baseplate that was used to correct for 
misalignment of the laser profilometer head. Examples of the raw grayscale images and converted 
height maps can be seen in Figure 4. These images demonstrate many key challenges that must 
be considered during image analysis. Looking at the grayscale images of Figure 4 (a1, b1, c1), the 
two materials are clearly distinguishable in the grayscale images of the part in regions that have 
both components and can be easily segmented using the relative light intensity (histogram of 
processed grayscale intensity data in Figure S2). However, many major challenges in the layer-by-
layer imaging technique of these parts are clear in this figure, too. The silicone material is naturally 
glossy and produces saturated regions in the image that impact the ability for an image 
segmentation program to properly identify composition. Such saturated regions make it difficult to 
distinguish whether a bright region is bright due to its composition or specular reflections of a glossy 



material. Similarly, there are some regions that may appear darker than others due to shadowing 
and determining whether those regions are darker because of shadowing or are genuinely different 
compositions is non-trivial. There are also regions beyond the expected bounds of the part in the 
grayscale image from scattered light on the sheer faces of the cube. Section 2.5 details the methods 
that were employed to account for these challenges in the 3D reconstruction using data 
convolution. 

 
Height maps of each layer were captured using the laser profilometer and recorded images 

are converted to height maps as discussed in section 2.5. Examples of the raw height maps can 
be seen in Figure 4 (a2, b2, c2). The maximum measurement range of the laser profilometer is +/- 
20.5 mm, however, the region of interest has been reduced to mitigate noise on the height 
measurements for a single layer.[30] Height maps of both single- and multi-component layers 
capture the filament structure of the part and exhibit gaps in the material where printed filaments 
may not have overlapped. The retention of this information is vital to determining which material in 
a grayscale image has been deposited in a new layer and what information can be discarded when 
segmenting the part for reconstruction. Further voxelization of this information is also pertinent to 
part reconstructions which retain the wiry interior. A closer look at Figure 4 reveals another 
challenge with data collection and post processing of these images to recreate a 3D figure 
stemming from the naturally occurring filaments. The laser profilometer operates by projecting a 1-
dimensional line down at the surface and imaging the light at 35° angle relative to the surface; 
based on the location of the laser line in the 2-dimensional image, the height at a specific point can 
be calculated by triangulation.[30] However, at the interfaces of multiple filaments, it is possible for 
light to be projected into the region between the two filaments and not be reflected into the sensor, 
thus leading to data dropouts in crevices. It is also possible that reflections of the laser off the glossy 
silicone surface could be misinterpreted and captured as part of the single layer profile. Both 
scenarios are depicted in Figure S3. Many of the difficulties in data collection and analyzing have 
been largely solved with a post-processing code (discussed in section 2.5). Despite the challenges 
in processing the data, it is important to note that the grayscale images alone would not be suitable 
for accurate volumetric reconstruction of the part as material deposited in previous layers is visually 
indistinguishable from newly deposited material. Similarly, processed height data would not reveal 
any information about the internal composition of the part. 

 
Interestingly, the images collected on the first layer deposited are significantly brighter than 

the remaining images, possibly due to the proximity of the first layer to the reflective metal 
baseplate. As a result, the height and grayscale mapping for the first layer is relatively poor in 
comparison to that collected throughout the rest of the print. This complication will be addressed in 
future iterations of this methodology by using a nonreflective baseplate or temporary adjustment of 
the illumination settings for the profilometer on the first layer. 

 
The time required to collect data after each layer was ~6.4 seconds/layer. However, when 

accounting for traveling moves to and from the inspection region the total time added was closer to 
~11 seconds/layer. The overall time added to the print (including a single baseplate scan and 70 
layers in the part) was ~12.5 minutes. Should the analysis program be added in-line for real-time 
detection of defects and assessment of part quality, the total manufacturing time might increase 
even more. 
 



 
Figure 4: Example images of the layer-by-layer data collected by the laser profilometer at different heights. 
Surface reflections from the laser appear as bright/saturated regions in the grayscale images. (a1, a2) Layer 
4 images showing a single-component slice with the plate in the background. (b1, b2) Layer 11 data showing 
the level of contrast between the two materials tested. Examples of saturation from light reflections are noted 
by label 1. Drop-offs of height data in crevices can be seen in the outer ring of b2 (noted by label 2). (c1, c2) 
Layer 33 data showing the prevalence of saturated regions in the image that complicate segmentation. 

Grayscale histogram information can be seen in Figure S2. 

3.3. VOLUMETRIC PART RECONSTRUCTION AND COMPARISON 

The primary goal of this work is to demonstrate that an in situ inspection method can be 
effectively employed on a layer-by-layer basis to create an accurate volumetric reconstruction of 
an additively manufactured part. The main features of the test article being inspected are an LLNL 
logo within an embedded spherical shell and the two exterior angled rings on the top and bottom 
of the shell (see section 2.2 and Figure 1). 
 

The test article that was examined for this work was cut with a razor roughly halfway through 
the part to serve as a direct comparison between the other inspection methods presented here. It 
is important to note that the main emphasis for this work was not optimizing the quality of the print, 
but rather demonstrating that the inspection methods fielded here are able to digitally reconstruct 
the part and recover the major morphological features. The bisected part has exemplar defects that 
would be of primary interest when qualifying an additively manufactured part (notably voids and 
displacement of material). The top and bottom few layers of the part have periodic gaps between 
filaments remnant of the full density rectilinear infills. There are also gaps between some major 
filaments and features in the part that are likely traceable to the toolpath itself. The last major 
defects can be seen between the “L”s in the LLNL logo where it appears that some material was 
over-extruded and bridged the gaps between the different features. 
 

In addition to having images and profiles collected on a layer-by-layer basis, the printed test 
articles were also examined using X-ray computed tomography (CT) scans after they had cured. 
An image at roughly the same location of the part bisection can be seen in Figure 5c. Whereas the 
CT scan is clearly able to recover the filament-driven features of the part (e.g., holes, gaps) and 



has close resemblance to the test article, the density matched materials were not able to be 
resolved in the images. 
 

An image of the stacked layer data from the profilometry-based part reconstruction can be 
seen in Figure 5d where colored regions represent different materials and are overlaid on the 
stacked grayscale images. The primary features of interest are clearly present in the volumetric 
reconstruction of the part. More importantly, however, the profilometry-based reconstruction 
captures many of the morphological features that are present in the CT image and the 
compositional defects in the bisected part. As can be seen in the top of Figure 5d, the periodic 
filament gaps from the rectilinear infill are present in the reconstruction and closely resemble those 
shown in the bisected part and CT scan. There are also major gaps in the areas just outside of the 
spherical feature that are common across all three images. The over-extruded regions in the central 
logo which led to bridging of the differently colored regions are also loosely captured in the image-
based reconstruction. To compare the volumetric reconstruction and CT image, the CT data was 
segmented and used to estimate the as-printed part volume. The total volume of the part estimated 
by the CT image was 34.98 cm3 whereas the estimated volume from the profilometry-based data 
was 36.50 cm3 (assuming a 12.5 μm x 12.5 μm x 500 μm voxel size); the difference in estimated 
volume is <5% and is relatively small (< 2 cm3). 

 

 
Figure 5: Cross sectional images (slices) of the 3D printed test article. All slices are from the same part and 
were taken at approximately the same position. (a) Slice of the original CAD model showing design intent. 



(b) Photograph of the physical part after bisecting with a razor blade. (c) Slice from the X-ray CT 
reconstruction of the part. (d) Slice from the laser-profilometer-based reconstruction of the part. Labeled 
features in (a) are used to compare the measured dimensions between the 3D model, bisected part, and 

digital reconstruction. 

For a more quantitative comparison of the reconstruction to the target and actual parts, five 
of the features embedded in the part were measured: (1,2) the height of the top and bottom angled 
rings, (3) the height of the LLNL logo, (4) the vertical and horizontal diameters of the inner spherical 
shell surface and (5) the vertical and horizontal diameters of the outer spherical shell surface (see 
Figure 5a). The dimensions provided for the target part (Figure 5a) are measured directly from the 
3D model, and the dimensions for the actual part and reconstruction (Figure 5b,d) were measured 
using ImageJ.[39] The measurements for the reconstruction were rounded to the nearest 0.5 mm 
in the vertical direction and 0.1 mm in the horizontal direction to account for voxel resolution. The 
results (provided in Table 1) show that the measurements between the digital reconstruction and 
the actual part are in relatively good agreement with each other and deviate only slightly from the 
target dimensions. Deviations in these values could be caused by material shifting during the print 
after deposition or during the curing process. Notably, the height measurements for the features in 
the actual part are slightly smaller than those measured for the reconstruction and thus suggests 
some internal collapse of the material during the print. Future work could focus on reconciling these 
differences to reduce the difference between these values. 

 
Table 1: Measured dimensions of features in the cross-sectional images displayed in Figure 5. 

Region Description 3D Model Actual Part Reconstruction 

1 Top angled ring, height (mm) 2.5 2.55 2.5 

2 Bottom angled ring, height (mm) 2.5 2.48 2.5 

3 Logo height (mm) 17 17.28 17.0 

4 Inner shell, vertical diameter (mm) 25 24.08 25.5 

Inner shell, horizontal diameter (mm)  25 25.37 25.2 

5 Outer shell, vertical diameter (mm) 29 28.09 29.0 

Outer shell, horizontal diameter (mm)  29 29.86 29.6 

 
Although this reconstruction represents a major accomplishment and offers a path forward 

for real-time inspection of AM parts, it is not without its drawbacks. One major drawback that was 
immediately present when directly comparing the CT images and the reconstruction was the 
possibility that filaments and materials can shift after data has been acquired. As an example, as 
more mass is added to the part during the print, some of the filament gaps which may have been 
present in the lower regions could seemingly collapse since the materials are still flowable until 
they are thermally cured. This morphological evolution can be most clearly seen when examining 
the lower regions of the digital reconstruction and the CT images. When measuring the overall 
height of the parts using the CT images in ImageJ [39], we found the actual height to be ~34 mm 
whereas the target height was 35 mm. Beyond the morphological changes that could be driven by 
internal stresses during the print, it is also possible that filaments could shift during the thermal cure 
process.[40,41] These morphological changes were explored by Plott and Shih using a different 
elastomer system, but their work highlights the inherent difficulty there is when trying to reconstruct 
parts using data collected on an evolving process. In the future, this could be overcome by using 
an ultraviolet-cured material system since material would be effectively frozen in place.[41] Another 
drawback of this method is the loss of data on the under-side of the filaments when taking top-
surface topological measurements. The extruded filaments have an elliptical cross section, 
however, only the top rounded surface is captured (see Figure 1c). For the purposes of this article, 
the digital reconstruction assumed square voxels spanning the whole layer height (0.5 mm). It is 
proposed that the relative symmetry of the filaments along their center axis could be used to recover 
individual filament morphology more accurately (see Figure S4). This effort is reserved for future 
work as it would require consideration for material shifts spanning the whole build time. 

 
Despite these difficulties, in situ characterization of additively manufactured parts via layer-

by-layer profilometry measurements and convolved image segmentation could be used as an 
effective process monitoring and volumetric reconstruction tool. The data analyzed here was 



collected in a direction orthogonal to the way it is presented in Figure 5d, yet the digital 
reconstruction is in good agreement with bisected part and CT image. Looking ahead, any data 
collected and analyzed in real time could be used to inform a “go/no go” control program that could 
stop a process if it has too many defects (compositional or morphological) compared to the desired 
toolpath. Information collected via this technique could be related back to toolpaths and used to 
inform users and models on how to better control material extrusion to minimize defects. Another 
potential application of this application could be real-time defect correction based on information 
gathered by the sensor.[18,19] By creating a volumetric reconstruction of the part in real time, 
execution of the printing commands could be temporarily paused while a slicer (like ORNL 2) 
quickly generates toolpath instructions to correct for defects.[42] The section below explores the 
capability for this in situ inspection method to accurately capture defect morphology in the printed 
part. 

3.4. LAYER-WISE VOID COMPARISON 

While Figure 5 and Table 1 show agreement between the CT images, bisected part, and 
laser profilometer reconstructions for the embedded features, we also wished to evaluate defects 
in the part. Since voids are one of the most common defects in additively manufactured parts and 
something that our new technique is uniquely suited to identifying, we chose to compare the 
techniques based on the location and size distribution of voids obtained from each reconstruction. 
A binary labeling algorithm was applied to the CT images and digital reconstruction at 
approximately the same location in the part to estimate void areas for a given layer.[34] 
Comparisons of void location and size distribution for two different positions within the part are 
shown in Figure 6. While there is general agreement further illustrating the utility of our technique, 
the data also highlights some shortcomings. 

 
In particular, the distribution plot for the profilometer-based reconstruction seems to bias 

towards smaller void area in comparison to the CT images. We believe that this is primarily caused 
by the reflective surfaces of the silicones creating artifacts in the reconstruction that effectively cut 
large void regions into multiple smaller regions. This phenomenon is especially evident when 
comparing Figure 6a and Figure 6b, where many of the long diagonal voids that appear continuous 
in Figure 6b are broken into multiple shorter voids in Figure 6a. The overall area of the voids based 
on the collection method is also presented in Figure 6c and Figure 6f. The estimated profilometer 
void area was consistently smaller than the void area estimated using the CT data, although the 
apparent difference is relatively small in comparison to the area of the single slice. In the most 
extreme case (Figure 6f), the 50mm2 difference in void area represents a ~7% difference in the 
total area of the layer (35 mm x 35 mm, 1225 mm2). This difference is also consistent with the 
estimated difference in the volumetric measurements (~5%, see Section 3.3). 

 
It is important to note that comparing these sets of data is inherently difficult and could also 

partially skew results. The CT data is collected after the material has been cured and there is 
evidence to suggest that the material may have shifted either after the deposition process or during 
curing (see the compressed lower section of Figure 5c). Registration of these images and the data 
is also difficult since the collection methods yield different image resolutions and the objects have 
significantly different spatial orientations. The disparity of the data collection time and method likely 
contributes to the apparent differences in the estimated void size distribution plots and area. It is 
believed that a more direct comparison of these two methods could be carried out with a true in 
situ X-Ray CT scanning method in future studies. It would also be of interest to analyze the overall 
pore size morphology and distribution, however, the resolution of the data presented herein makes 
this analysis computationally expensive and thus we have chosen to focus on layer-wise analysis 
for this comparison. The layer-wise analysis is also more akin to what a human or autonomous 
process operator would monitor and utilize to make decisions in real-time. 

 
 



 
Figure 6: Layer wise comparisons of the profilometer (a, d) and X-Ray CT (b, e) data at two different heights 
in the test article. Morphological data in the images is shown in the void size distribution plots along with the 
estimated total area of the voids in the image (c, f) Colored regions in the plot represent “voids” in the layer 
where it was determined that no material was deposited. The different colors merely serve to highlight 
distinct regions, and the colors are arbitrary and do not correspond between the profilometer data and CT 
data.  

4. CONCLUSIONS 

A layer-by-layer, laser profilometry-based in situ characterization technique has been fielded 
on the direct-ink-write fabrication of a multimaterial part with density-matched, visually distinct 
materials. The inspection technique yielded height maps and grayscale images which were then 
analyzed using a custom-built convolved segmentation routine to digitally reconstruct the part. The 
combination of height data and grayscale images allows this technique to identify both voids 
(absence of material) and material type when the materials used are visually distinct. In contrast, 
ex situ X-ray CT was able to identify the voids, but could not distinguish between the two materials 
because of their similar attenuation. Furthermore, the profilometer-based reconstruction is derived 
entirely from data collected during fabrication and could in principle be computed and analyzed in 
real time to detect defects on the fly. Both techniques were compared to a physical cross-section 
of the article and showed excellent agreement. 

 
There were also notable deviations between the profilometer-based (real time) reconstruction 

and the X-ray CT. Imaging artifacts caused the profilometer-based technique to identify more small 
voids than the CT. We also observed deviations related to material settling after it was printed, an 
unavoidable challenge when working with slow-curing ink formulations. Because of this, the 
profilometer-based reconstruction method is clearly not a one-for-one replacement for X-ray CT 
analysis if the exact answer is desired. However, a profilometer-based reconstruction can be 
created with minimal impact to production time and yields information that could be made available 
for in-line decision making in a way that X-ray CT techniques cannot. This method is also likely 
adaptable to other forms of additive manufacturing so long as the materials or regions of interest 
are visually distinguishable. We thus believe the technique merits additional development and may 



find future applications in process health monitoring and streamlined part acceptance for production 
environments. 
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SUPPLEMENTAL INFORMATION 

 
Figure S1: Example mixing profile for DOWSIL SE 1700 mixing on a ResoDyn acoustic mixer along with 
temperature data for the mixture during the mix cycle. Units omitted. 

 

 
Figure S2: Example histogram of grayscale image data after having performed a morphological erosion. 
Thresholds for the different material composition are then determined by the user. An example of the different 
grayscale intensity regions and corresponding material color is overlaid on the histogram. 



 
Figure S3: Depiction showing complications with data drop off or light amplification on rounded edges of 
silicone/glossy filaments. 

 
Figure S4: Zoomed-in image of the CT image data presented in Figure 5c highlighting the symmetry of the 

printed filaments. 


